Owing to our lack of understanding of the factors that constitute protective immunity during natural infection with Mycobacterium tuberculosis (Mtb), there is an urgent need to identify host biomarkers that predict long-term outcome of infection in the absence of therapy. Moreover, the identification of host biomarkers that predict (in)adequate response to tuberculosis (TB) treatment would similarly be a major step forward. To identify/monitor multi-component host biomarker signatures at the transcriptomic level in large human cohort studies, we have developed and validated a dual-color reversetranscriptase multiplex ligation-dependent probe amplification (dcRT-MLPA) method, permitting rapid and accurate expression profiling of as many as 60-80 transcripts in a single reaction. dcRT-MLPA is sensitive, highly reproducible, high-throughput, has an extensive dynamic range and is as quantitative as QPCR. We have used dcRT-MLPA to characterize the human immune response to Mtb in several cohort studies in two genetically and geographically diverse populations. A biomarker signature was identified that is strongly associated with active TB disease, and was profoundly distinct from that associated with treated TB disease, latent infection or uninfected controls, demonstrating the discriminating power of our biomarker signature. Identified biomarkers included apoptosis-related genes and T-cell/B-cell markers, suggesting important contributions of adaptive immunity to TB pathogenesis.
Introduction
Biomarkers are defined as 'characteristics that are objectively measured and evaluated as an indicator of normal biological processes, pathogenic processes or pharmacological responses to a therapeutic intervention'. 1 Biomarkers, or rather, 'surrogate endpoints', offer the means to classify disease status, disease activity, disease prognosis and disease progression, as well as the effects of interventions (drugs, surgery, vaccines and so on). Biomarkers can be analyzed in any tissue or body fluid, but peripheral blood is the most commonly used source in clinical practice. Biomarkers can be determined at different levels, for example, at the cellular-, protein-or transcript level, but informational complexity increases from transcriptome to proteome to cellulome. Quantitative changes in RNA expression levels are currently being analyzed using either genome-wide (microarray) or single-gene (real-time PCR) screening methods. As biomarker signatures encompass multiple gene transcripts, neither method is ideally suited for monitoring expression of a restricted set of genes involved in defined biological processes. Furthermore, microarray analysis and real-time PCR are technically challenging and too costly to be applied on a routine basis in resource-poor settings. Moreover, gene expression profiling using microarray analysis is characterized by complex data analysis, whereas the rather limited dynamic range (2-3 logs) 2 compromises the ability to accurately quantify RNA expression levels.
Here we describe a novel technique that is especially designed to combine a set of markers at the transcriptomic level. This technique, dual-color reverse-transcriptase multiplex ligation-dependent probe amplification (dcRT-MLPA) is inexpensive, fast, robust, and permits rapid and accurate RNA expression profiling of as many as 80 transcripts in a single reaction. Genes of interest can be selected on a tailor-made basis, and a PCR amplification step within dcRT-MLPA ensures assay sensitivity, which is an essential prerequisite for the relative quantification of scarcely expressed genes. As this assay is high-throughput (96-well format) and requires low amounts of RNA (100 ng), it is an exceptionally suitable technique to determine biomarker signatures in larger cohort studies.
A particularly useful application of dcRT-MLPA is the identification and monitoring of host-biomarker profiles to investigate the human immune response to infection on a population scale. In this report we investigated the potential of dcRT-MLPA to identify and monitor hostbiomarker profiles in tuberculosis (TB). It is estimated that one-third of the global population is infected with Mycobacterium tuberculosis (Mtb). 3, 4 However, immediate progression to active TB is rare and most frequently, the infection is initially contained by the host immune system resulting in latent TB infection (LTBI). LTBI can later (re)activate resulting in TB disease, which occurs in an estimated 3-10% of cases, 80% of whom within 2 years after infection. 5 A major roadblock in the development of effective new TB vaccines (both preventive and post exposure) is our lack of understanding of the factors that constitute protective immunity during natural infection with Mtb or induced by vaccination. 5 Currently, the success of a vaccine is measured by the prevention of active TB outbreak in study group participants in large (phase III efficacy) trials. Thus, the diagnosis of incipient TB disease serves as the clinical endpoint in necessarily large and long-lasting TB vaccine trials. Considering the relatively low disease incidence and the potentially long latency period, clinical efficacy trials would hugely benefit from the identification of biomarkers that could serve as early surrogate endpoints that predict the outcome at an early stage and can replace clinical endpoints. Thus, there is an urgent need to identify host biomarkers of protective host immunity, which will allow the early identification of those LTBIs at risk of progressing to active TB and in need of preventive treatment after exposure, versus those whose immune system will effectively contain the infection. Beside these important applications of biomarkers predicting progression to TB disease and/or vaccine efficacy, the identification of biomarkers that predict (in)adequate response to TB treatment would similarly be a major step forward, as it would allow more effective treatment and thus reduce the occurrence of multidrug-resistant/extensive drugresistant Mtb strains.
Here we characterized and evaluated the potential of dcRT-MLPA, and used this novel technique to evaluate gene expression profiles in several cohort studies in two genetically and geographically diverse populations, from the Gambia and Paraguay. A biomarker signature is identified that is associated with active TB disease, and is profoundly distinct from that associated with treated TB disease, latent infection or uninfected healthy controls, demonstrating the discriminating power of our biomarker signature by dcRT-MLPA technology.
Results

Principle of the dcRT-MLPA technique
The MLPA assay is based on the ligation of two halfprobes hybridized adjacently to a target sequence, followed by a quantitative PCR amplification of the ligated products that are size-separated using capillary electrophoresis, and was originally described to determine the copy number of DNA sequences. 6 More recently, in order to enable sensitive detection of RNA transcripts, a RT step with gene-specific primers before the probe annealing stage was introduced. 7 However, a major disadvantage of both the assays is the laborintensive and costly preparation of the M13-derived half-probes. To bypass this serious drawback, we replaced the production of M13 vector-based half-probes by chemically synthesized oligonucleotides. Furthermore, instead of using 'spacer' sequences, the discriminative length of each amplicon was assured by varying the length of the target-specific sequence in each probe set. The inherent restriction of this approach is the oligonucleotide synthesis length and as a consequence the number of probes that can be combined within a single assay. To circumvent these limitations and to maximize the number of target genes that can be analyzed within a single RT-MLPA assay, we designed a dcRT-MLPA assay, combining two sets of half-probes, each amplified by primers labeled with a different fluorophore. 8 The principle of this technique is outlined in Supplementary Figure S1 .
Validation of the dcRT-MLPA technique
To reliably monitor changes in gene transcription, it is essential that a novel technique such as dcRT-MLPA has an extensive dynamic range, is sensitive and has a low assay cutoff. To validate the dcRT-MLPA assay for these parameters and to be able to tightly control target gene copy numbers, cDNA was replaced as a hybridization template by a mixture of chemically synthesized oligonucleotides. To determine the dynamic range and sensitivity of the assay, serial dilutions of the synthetic template oligonucleotides were prepared and subjected to dcRT-MLPA analysis using a validation probe set. The gene targets included in the validation probe set encompassed genes known to be induced (IFNG, TNF and IL2) or downregulated (CD8A, RAB33 and CD14) upon mitogenic stimulation of peripheral blood mononuclear cells (PBMCs) and genes whose transcriptional activity was not affected by mitogenic stimulation of PBMCs, including reference genes (GUSB and GAPDH). As shown in Figure 1a , dcRT-MLPA was found to have an extensive dynamic range of 4-7 logs, with an average of 5 logs and a detection threshold as low as 20 oligonucleotide copies of any given gene. These observations indicate that when comparing a single-gene expression assay such as real-time PCR with a multiplex gene expression assay such as dcRT-MLPA, only minor compromises in sensitivity and dynamic range have to be accepted. To establish the dcRT-MLPA assay cutoff, the average percentage s.d. of decreasing log2 transformed peak area intervals was calculated (Figure 1b) . Because assigned peaks, with a peak area p7.64, could only be called by the GeneMapper software (Applied Biosystems, Warrington, UK), if the peaks were perfectly shaped, the percentage s.d. profoundly increased below 7.64. Therefore, the cutoff value of this assay was established to correspond with the threshold value for noise cutoff in GeneMapper software. In conclusion, the potential of this assay to sensitively and accurately quantify gene expression levels over a broad range of synthetic template copy numbers highlights its prospective use as a new tool for biomarker identification and monitoring.
Comparison between dcRT-MLPA and Taqman real-time PCR As both dcRT-MLPA and real-time PCR heavily depend on amplification of target products by PCR, it was anticipated that these two methods display similar assay characteristics. To directly compare gene expression profiles using dcRT-MLPA and real-time PCR, PBMCs from five Dutch healthy donors were stimulated for 6 h with phytohemagglutinin or anti-CD3/CD28 beads (Figure 2a ) or phytohemagglutinin and subsequently mixed with unstimulated PBMCs at the indicated ratios ( Figure 2b ) before RNA isolation was performed followed by dcRT-MLPA (black bars) and real-time PCR (white bars) analysis on the same samples using the validation probe set. Data illustrated in Figure 2 clearly show that the results obtained with both RNA expression-profiling techniques are highly comparable. Moreover, both weak and strong variations in gene expression levels are faithfully detected by dcRT-MLPA, demonstrating the accurateness and robustness of this method to quantify specific changes in RNA expression levels.
Reproducibility of the dcRT-MLPA assay To evaluate the reproducibility of the dcRT-MLPA assay, whole blood was collected from 12 Dutch healthy donors at two different time points (B2 months apart). At both the time points, whole blood of each donor was collected in five separate PAXgene tubes (BD Biosciences, Breda, The Netherlands). Gene expression profiles of all the collected samples were analyzed in two independent dcRT-MLPA assays using the complete probe set (Supplementary Table S1 ). To evaluate the inter-assay variation of dcRT-MLPA, the relative gene expression profiles of several independent duplicate samples were compared. Interassay correlation between representative data sets of independent samples was excellent (0.998) for both scarcely and abundantly expressed genes (Figure 3a) , highlighting the reliability of this technique to monitor the (subtle) changes in gene expression profiles. Subsequently, variance component estimation was calculated on the obtained data set. Initially, the total observed variation in gene expression profiles, regardless of its size, was set at 100% and the proportional contribution of each of the four components (donor, collection, tube and assay) to this total variation was determined. Figure 3b displays examples of gene expression profiles that were profoundly affected by variations in one of these components. Clearly, direct ex vivo RNA expression levels of CD4 were highly comparable between donors and also appeared steady over time. In sharp contrast, CD8A gene expression levels differed considerably between donors (but were constant over time), whereas B2M expression levels changed significantly over time, excluding CD8A as a potential useful biomarker in Dutch adults of European descent and excluding B2M as a suitable reference gene in European cohort studies. The relative variation introduced by each component can have an insignificant as well as a major impact on the overall variation, depending on the range of the overall variation. Therefore, we recalculated the variance component estimation and displayed the data as fold-change that each gene contributed to the variation of each component ( Figure 3c ). The large majority of the genes within the complete probe set contributed only to a minor extent to the variation introduced by each of the four components. Furthermore, as expected, the predominant factor introducing variation to the data was the donor component, whereas the components collection, tube and assay introduced comparable but significantly less variation to the data, underscoring the reproducibility of dcRT-MLPA.
Identification and monitoring of biomarker signatures
To investigate the potential of dcRT-MLPA in identifying host-biomarker profiles in direct ex vivo whole-blood samples in a clinically relevant setting, we started out to characterize the human immune response to infection with Mtb, with particular emphasis on the expression of genes associated with TB disease. Gene expression PBMCs from healthy Dutch donors were stimulated for 6 h with (a) phytohemagglutinin and anti-CD3/CD28 beads or (b) phytohemagglutinin and subsequently mixed with unstimulated PBMCs at indicated ratios before RNA isolation was performed followed by dcRT-MLPA (black bars) and Taqman real-time PCR (white bars) analyses on the same samples. Expression profiles were determined of those genes present within the validation probe set. Mean gene expression levels were normalized to GAPDH and fold induction was calculated relative to the unstimulated control samples ± s.d. of triplicate reactions. Data shown correspond to one representative experiment out of four performed and one representative healthy donor out of five healthy donors analyzed.
profiles of 79 TB patients at recruitment (TB cases), 83 Mtb-infected healthy controls (LTBIs) and 74 uninfected healthy controls from The Gambia were analyzed by dcRT-MLPA using the complete probe set (Supplementary Table S1 ). The complete probe set contained genes that have been associated with active TB disease or protection against disease in literature (IL4/IL4d2, CCL22, CD163, TGFBR2), [9] [10] [11] [12] genes identified by microarray that were differentially expressed between PBMCs from active TB patients and healthy household contacts (FPR1, BPI, MARCO, SEC14L1, RAB24, RAB13, RAB33A, FCGR1A, LTF), 13 genes identified by microarray that were differentially expressed between tissue located near and distant from tuberculomas (CCR7, CCL13, IL22RA1, Figure 3 Reproducibility of the dcRT-MLPA assay. Two independent dcRT-MLPA assays were performed on whole-blood RNA extracted from five PAXgene tubes collected from 12 Dutch healthy donors at two different time points. Variance component estimation was performed to calculate the contribution of the following four components to the variation in the gene expression profiles: (1) donor variation-the variation within a cohort of healthy individuals, (2) collection variation-the variation within the same healthy individual over time, (3) tube variation-the variation between the five separate PAXgene tubes collected from the same healthy donor, and (4) SPP1, BLR1, CCL19, MMP9, TIMP2), apoptosis-related genes differentially regulated by Mtb (TNFRSF1A, TNFRSF1B, BCL2, CASP8, TNF, FASLG), 14 genes that identify different lymphocyte subsets (CD3E, CD4, CD8A, CD14, CD19, NCAM1), regulatory T-cell-associated markers (FOXP3, IL7R, TGFB1, CTLA4, LAG3, IL10, CCL4, TNFRSF18, IL2RA), effector T-cell markers (IFNG, CXCL10) and reference genes (GAPDH, ABR, GUSB, B2M). Analysis of variance testing for global differences in gene expression profiles indicated significant differences between the study groups (P ¼ 5.4 Â 10 data set revealed profound differences in the overall gene expression profiles between TB cases versus LTBIs and TB cases versus uninfected healthy controls (Pp10
À16
and Pp10
À14
, respectively), whereas the difference between LTBIs and uninfected healthy controls was statistically significant but much less pronounced (P ¼ 6.7 Â 10
À5
). Subsequently, individual biomarkers that were differentially expressed between the study groups were identified (Supplementary Figure  S2 , Supplementary Table S2a ) and examples of gene expression profiles displaying strong association with TB disease (CD3E, IL7R, CD8A, BLR1, CD19, FCGR1A and MMP9) or as a comparison, no association at all (CD163) are shown in Figure 4a .
To determine biomarker signatures with the highest discriminatory power, the data set was analyzed using the Lasso regression model, which is a shrinkage and selection method for linear regression. 15 It minimizes the usual sum of squared errors, with a bound on the sum of the absolute values of the coefficients. The biomarker signatures that classified TB cases versus LTBIs, TB cases versus uninfected healthy controls and LTBIs versus uninfected healthy controls encompassed 13, 15 and 3 biomarkers, respectively (Figure 4b ). The classifying capability of these biomarker signatures is displayed either as a receiver operating characteristic curve where the true positive rate (sensitivity) is plotted against the false positive rate (1Àspecificity or 1Àtrue negative rate, Figure 4c ) or as a box-and-whisker plot, indicating the predicted probability using the identified biomarker signatures as classifiers (Figure 4d) . Clearly, although the biomarkers that are differentially expressed between LTBIs and uninfected healthy controls have limited classifying value (area under the curve of 53.1%) when combined into a biomarker signature, the biomarker signatures that are used to classify TB cases versus LTBIs or TB cases versus uninfected healthy controls have excellent classifying values (area under the curve of 90.8% and 86.0%, respectively). Adding more biomarkers to the biomarker signatures did not further improve the classifying capability of these signatures as a nonselective Ridge regression (including all genes comprising the complete dcRT-MLPA set) displayed area under the curve values for TB cases versus LTBIs or TB cases versus uninfected healthy controls of 91.8% and 84.5%, respectively, (data not shown).
As these data indicate that the identified biomarker signature to classify TB cases versus LTBIs is composed of biomarkers that are strongly associated with TB disease, we next evaluated the ability of this biomarker signature to classify TB patients in the Gambia during treatment. As shown in Figure 5a and Supplementary Table S2b, the discriminative power of this biomarker signature is already apparent in TB patients treated for 2 months only, whereas at 4 months after therapy, biomarker profiles of treated TB patients have become indistinguishable from those of LTBIs. Examples of gene expression profiles (CD3E, IL7R, CD8A, BLR1, CD19, FCGR1A and MMP9) during the treatment of TB patients are shown in Figure 5b .
Comparison of biomarkers associated with TB disease between an African and South-American population To investigate whether the biomarkers associated with TB disease are specific for the Gambian (or African) population, gene expression profiles were determined on direct ex vivo whole-blood RNA samples in a small Paraguayan (South American) cohort consisting of TB cases, TB patients treated for 4 weeks and healthcare workers (latently infected, long-term exposed to TB). Despite the limited cohort size, a comparison of gene expression patterns between TB cases and healthcare workers already confirmed 16 of the 25 genes (for example, CD3E, IL7R, BLR1, CD19, FCGR1A, CXCL10, CD4, TNF, BCL2, CASP8 and CCL4) that were differentially expressed in TB cases in the Gambia (Figure 6 ), suggesting that the discriminatory power of the majority of the identified biomarkers is not restricted to the Gambia or even to Africa.
In conclusion, dcRT-MLPA is a sensitive, robust and reproducible assay for biomarker detection and biomarker signature profiling. The first data demonstrate the power of dcRT-MLPA to identify biomarker signatures in direct ex vivo whole-blood samples with sufficient discriminating power when using small cohorts.
Discussion
Using the novel dcRT-MLPA assay, we identified multiple genes that were differentially expressed with great statistical significance between TB cases, LTBIs and uninfected healthy controls (Supplementary Table S2) . From the 25 genes (out of 45 tested) that were differentially regulated between TB cases and LTBIs, 20 genes also displayed distinct expression patterns between TB cases and uninfected healthy controls. In contrast, differences in direct ex vivo RNA expression levels between LTBIs and uninfected controls were less pronounced and only eight genes were found to be differentially expressed between these two study groups, including three regulatory T-cell markers (FOXP3, IL2RA and TGFB1). In concordance with these findings, Lasso regression analysis easily identified biomarker signatures with excellent classifying value between TB cases versus LTBIs and TB cases versus uninfected controls (area under the curves of 90.8% and 86.0%, respectively), but was unable to identify a biomarker signature Figure 4 Identification of biomarker signatures. Dual-color RT-MLPA was performed on direct ex vivo RNA isolated from PAXgene tubes derived from TB cases, LTBIs and uninfected healthy controls from the Gambia. (a) Median gene expression levels (peak areas normalized to GAPDH and log2 transformed) of the indicated genes are shown as box-and-whisker plots (5-95 percentiles; dotted line represents assay cutoff). Significant differences between study groups were determined using Kruskal-Wallis H and Dunn's multiple comparison tests. with sufficient discriminative power between LTBIs and uninfected controls. The classifying value of the identified biomarker signatures may be further enhanced in future studies by selecting other markers for dcRT-MLPA. Interesting candidate markers to include may be derived from recent microarray studies, highlighting a potential role for type I interferon-ab signaling pathways. 16 Certainly, improving the classifying value of the biomarker signature that classifies the infection status in healthy controls may not sufficiently benefit from this approach as the differences in gene expression levels between LTBIs and uninfected controls may be too subtle to detect using ex vivo whole blood. To circumvent this issue, antigen-specific stimulation could be applied to enhance differences and thereby allow such discrimination. Another advantage of incorporating antigen-specific stimulation is that LTBIs are a very heterogeneous group that may have been exposed recently to other pathogens endemic to the Gambia, and therefore direct ex vivo profiles may not necessarily directly relate to TB disease outcome. Moreover, antigen-specific stimulation studies combined with direct ex vivo RNA profiling of patients (co)infected with other pathogens will help to determine the specificity of the identified biomarker signature for TB disease.
Genes encompassing the complete dcRT-MLPA set were derived primarily from literature and previous microarray studies. [9] [10] [11] [12] [13] [14] 17, 18 Several biomarkers identified earlier to discriminate between TB cases and LTBIs in German and South African cohorts (for example, FCGR1A (CD64), LTF and RAB33A), 13, 19 were confirmed in the current study cohort from the Gambia. Intriguingly, FCGR1A is the only biomarker from our signature that was also identified by a recent large-scale microarray analysis in UK and South-African TB patients, 16 discriminating active TB disease from LTBI, despite being not specific for TB when compared with other inflammatory diseases. Identification of FCGR1A in all these studies emphasizes the potential significance of FCGR1A as a TB biomarker and warrants further showing the accuracy of the biomarker signature that discriminates between TB cases and LTBIs, to classify treated TB patients. (b) Median gene expression levels (peak areas normalized to GAPDH and log2 transformed) of the indicated genes are shown as box-and-whisker plots (5-95 percentiles; dotted line represents assay cutoff). Significant differences between study groups were determined using Kruskal-Wallis H and Dunn's multiple comparison tests. *0.01oPo0.05, **0.001oPo0.01 and ***Po0.001.
analysis of the role of FCGR1A and antibodies in TB pathogenesis. The suggestion that humoral immunity could have a more important role in TB pathogenesis than is currently anticipated, 20, 21 is also supported by the identification of multiple B-cell-related genes that are differentially expressed between TB patients and LTBIs (in both our Gambian and Paraguayan cohort), including besides FCGR1A, CD19 and BLR1 (CXCR5).
In addition to a strong correlation between B-cellrelated genes and TB disease, a clear association between T-cell lineage markers and TB disease could also be observed. Expression levels of CD3E, CD4, CD8A, IL7R and FOXP3 were significantly distinct between TB cases and LTBIs, and with the exception of FOXP3, genes were more abundantly expressed in LTBIs compared with TB cases. The lower FOXP3 gene expression levels in recently infected individuals that were previously described by Burl et al. 22 and now confirmed in the present study, may represent a shifted balance between effector and regulatory T-cell populations in early stages after infection or mirror increased regulatory T-cell migration to the tissue, or local lymph nodes, in early phases of disease, 23 as has also been suggested during acute viral infections. 24 The decreased expression of T-cell subset markers CD3E, CD4 and CD8A during acute TB disease has neither been reported before, nor have significant decreases in T-cell numbers. However, although most prominent in our cohort from the Gambia, also TB patients from Paraguay displayed significantly reduced expression levels for CD3E and CD4. The value of these markers as novel TB biomarkers will have to be confirmed in future large-scale cohorts.
Recently, a set of apoptosis-related genes was identified in an Ethiopian cohort whose expression was associated with TB disease.
14 Indeed, four out of six genes included in the complete dcRT-MLPA set (TNRFSF1A, CASP8, BCL2 and TNF) were confirmed to be associated with TB disease in our Gambian cohort, supporting their value as TB biomarkers. Although the nature of the biomarkers identified in this study is quite diverse, they all appear promising and contribute to the biomarker signature discriminating between TB cases and LTBIs.
During treatment of TB cases, gene expression profiles changed over time and at the end of treatment (6 months) were similar to gene expression profiles observed in LTBIs. This indicates that TB treatment does affect gene expression profiles in peripheral blood, but time is needed to achieve levels observed in healthy infected contacts. Interestingly, the changes in expression levels of different genes during treatment showed distinct kinetics. Several genes returned to the expression levels observed in LTBIs within 2 months (for example, CD3E and BLR1), whereas others reached control levels only after the full 6 months of treatment (for example, FCGR1A). The time needed for particular markers to normalize to levels detected in LTBIs may indicate response to treatment, but more detailed analyses are required to support this hypothesis.
As demonstrated by the identification of powerful biomarker signatures discussed above, dcRT-MLPA proved to be a valuable tool for monitoring gene expression profiles in large cohorts. The assay was adapted from an assay described by Eldering et al. 7 into a dual-color assay 8 to increase the number of transcripts to be analyzed, and using synthetic oligonucleotides to greatly accelerate the probe manufacturing process. We validated the assay extensively and showed that the assay is sensitive, reproducible and robust, with results comparable to Taqman real-time PCR. Variation primarily resulted from donor to donor variation and was not attributable to inherent assay variation. dcRT-MLPA is positioned in between microarray and real-time PCR, as it will give quantitative expression data of multiple Figure 6 Identification of biomarkers associated with TB disease in a small Paraguayan cohort. dcRT-MLPA was performed on direct ex vivo RNA isolated from PAXgene tubes derived from TB patients, TB patients treated for 4 weeks and latently infected healthcare workers. Median gene expression levels (peak areas normalized to GAPDH and log2 transformed) of the indicated genes are shown as box-andwhisker plots (5-95 percentiles; dotted line represents assay cutoff). Significant differences between study groups were determined using Kruskal-Wallis H and Dunn's multiple comparison tests. *0.01oPo0.05, **0.001oPo0.01 and ***Po0.001.
genes. dcRT-MLPA is cheap compared with microarray and real-time PCR, requires less handling time and only low amounts of RNA, and can be performed in a highthroughput (96-well) format. Importantly, technology transfer to resource-poor settings is possible, making dcRT-MLPA an interesting method for identification and monitoring of biomarkers in large cohorts in TB endemic regions. Application of dcRT-MLPA is not limited to vaccination studies or infectious diseases, but any (disease) stage associated with specific changes in marker expression can be assessed using dcRT-MLPA. During TB infection, dcRT-MLPA may be useful in follow-up analysis of LTBIs to identify those LTBIs at risk of progressing to active TB and in need of preventive treatment after exposure and in vaccination studies using novel candidate vaccines potentially to shorten follow-up times required to demonstrate efficacy. Moreover, techniques may be adapted to measure biomarker profiles in other biological fluids, for example, sputum. The longevity of biomarkers after infection or vaccination is unknown and will have to be determined to estimate the predictive value of these biomarkers, especially in case-contact settings and in long-term follow-up vaccination studies. However, similar profiles may be re-expressed in PBMCs after short-term recall antigen triggering, especially for genes expressed by memory T cells, and is currently explored.
In conclusion, we have demonstrated that dcRT-MLPA is highly suitable for biomarker evaluation in large cohorts of contacts or vaccine, as the technique is robust, reproducible, sensitive and quantitative. Costs per gene and the 96-well format of the assay make it extremely suitable for screening large groups of individuals even in less developed settings. Initial analysis using a 45-gene dcRT-MLPA set allowed excellent discrimination between TB cases versus LTBIs and TB cases versus uninfected controls, illustrating the power of biomarker monitoring using dcRT-MLPA. Biomarkers that allowed discrimination of infection and disease included CD3E, CD4, CD8, BLR1, FCGR1A and CD19, suggesting important contributions of adaptive immunity to TB pathogenesis.
Materials and methods
Ethics statement
The research was approved by the Institutional Review Boards of the Leiden University Medical Center (the Netherlands), MRC (The Gambia) and the Ministry of Public Health and Social Welfare (Paraguay). Informed consent was obtained from all participants, and the clinical investigation was conducted according to the principles expressed in the 'Declaration of Helsinki'.
Donors and reagents
PBMCs purified from anonymous buffy coats were collected from healthy blood bank donors (Dutch, adults) that all had signed informed consent. PBMCs (2 Â 10 6 per 24-well) were stimulated for 6 h with phytohemagglutinin (2 mg ml À1 , Remel, Oxoid, Haarlem, the Netherlands) or anti-CD3/CD28 beads (Dynal Biotech, Hamburg, Germany) in Iscove's modified Dulbecco's medium (Invitrogen, Breda, the Netherlands) containing 10% pooled human serum. Subsequently, cells were pelleted (5 min, 1200 r.p.m.), resuspended in 1 ml Trizol reagent (Invitrogen) and total RNA was purified according to the manufacturer's protocol.
Whole-blood samples were collected in PAXgene tubes (BD Biosciences) from a Dutch cohort (12 healthy subjects), a Gambian cohort (79 TB patients at recruitment (TB cases), 83 Mtb-infected healthy controls (LTBI), 74 uninfected healthy controls, 23 TB patients treated for 2 months, 12 TB patients treated for 4 months and 29 TB patients treated for 6 months), and a Paraguayan cohort (8 TB patients at recruitment, 12 TB patients treated for 4 weeks and 21 latently infected healthcare workers).
PAXgene whole-blood RNA isolation Total RNA from venipuncture PAXgene blood collection tubes (stored at À80 1C, Supplementary Figure S3 ) was extracted and purified using the PAXgene Blood RNA kit (BD Biosciences) including on-column DNase digestion according to the manufacturer's protocol. The RNA yield from 2.5 ml of whole blood was determined by a NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies, Wilmington, DE, USA) and ranged from 4.2 to 8.5 mg of total RNA (average 6.02 ± 1.5 mg) with an average OD 260/280 ratio of 2.0±0.04. To assess the quality and integrity of the RNA, samples were run on an Agilent 2100 BioAnalyzer (Agilent Technologies, Amstelveen, The Netherlands) using the RNA 6000 Nano Chip kit. The average RNA integrity number of the total RNA samples obtained from Paxgene tubes was 9.5±0.08.
dcRT-MLPA assay, data analysis and quality control Half-probes consisted of chemically synthesized oligonucleotides (Sigma-Aldrich Chemie B.V., Zwijndrecht, the Netherlands) and right-hand half-probes were 5 0 phosphorylated to facilitate ligation. For each targetspecific sequence, a specific RT primer was designed that is complementary to the RNA sequence and located immediately downstream of the probe target sequence. As a positive control, chemically synthesized oligonucleotides were used that were complementary to the RNA sequence and encompassed the combined targetspecific sequences of the left and right hand half-probes. To avoid detection of contaminating DNA fragments, all target sequences have an exon boundary near the probe ligation site. Moreover, splice variants and singlenucleotide polymorphisms present in the mRNA were taken into account. All half-probes and RT primers used in this study are described in detail in Supplementary  Table S1 .
Development of the dcRT-MLPA required multiple adaptations to the protocol described by Eldering et al.
7
RNA samples (2.5 ml of a 50 ng ml À1 solution) were mixed with 1 Â MMLV reverse transcriptase buffer, dNTPs (0.4 mM of each nucleotide) and 80 nM of the targetspecific RT primers in a final volume of 4.5 ml. After heating for 1 min to 80 1C and incubation for 5 min at 45 1C, 30 U (1.5 ml) of MMLV reverse transcriptase (Promega, Leiden, the Netherlands) was added and incubated for 15 min at 37 1C before heat inactivation of the enzyme for 2 min at 98 1C. Subsequently, 1.5 ml of half-probe mix (4 nM) and 1.5 ml of SALSA MLPA buffer (MRC-Holland, Amsterdam, the Netherlands) were added to the reaction, heat denatured for 1 min at 95 1C followed by hybridization for 16 h at 60 1C. Ligation of the annealed half-probes was performed for 15 min at 54 1C by adding 3 ml ligase-65 buffer A, 3 ml ligase-65 buffer B, 25 ml H 2 O and 1 ml of ligase-65 (MRC-Holland). Heat inactivation of the ligase enzyme was subsequently performed for 5 min at 98 1C. Ligation products were amplified in a 20-ml PCR reaction containing 5 ml ligation product, 2 ml SALSA PCR buffer, 1 ml SALSA enzyme dilution buffer, 1 ml SALSA FAM-labeled MLPA primers, 1 ml HEX-labeled MAPH primers ( Trace data were analyzed using the GeneMapper software package (Applied Biosystems). The areas of each assigned peak (in arbitrary units) were exported for further analysis in Microsoft Excel spreadsheet software. Signals below the threshold value for noise cutoff in GeneMapper (log2 transformed peak area p7.64) were assigned the threshold value for noise cutoff. Results from target genes were calculated relative to the average signal of one of four reference genes present within the gene set (ABR, GUSB, GAPDH or B2M). Subsequently, the percentage s.d. was calculated to determine which reference gene was most stably expressed across the evaluated samples. Following normalization of the data, signals below the threshold value for noise cutoff (peak area p7.64) were again assigned the threshold value for noise cutoff.
To monitor assay performance, a negative control (without RNA), a positive control (using synthetic template oligonucleotides as hybridization templates) and a commercial Human Universal Reference RNA (Clontech, Palo Alto, CA, USA) were included on each 96-well plate. To determine which data points should be excluded from the analysis, the total signal intensity of all four reference genes (GAPDH, B2M, ABR and GUSB; HEX-and FAM-labeled genes were analyzed separately) was calculated for each sample followed by calculating the average±3 s.d. of these genes over the total 96-well plate using the following formula:
sample 1Àx)/ Â samples) ±3 s.d.'s of (intensity (B2M þ ABR þ GUSB þ GAPDH) sample 1Àx))).
Statistical analysis
To evaluate the reproducibility of the dcRT-MLPA assay, an orthogonal experimental design was created. The statistical model used is a random effects model with nested factors as described by Searle et al. 25 In this model, the 'donor' represents the highest factor (that is, source of variability within a population), 'collection' (that is, variability between time points within the same subject) is modeled as a nested factor within the donor, 'tube' (that is, variability between samples of a subject at a certain time point) is nested within the collection and 'dcRT-MLPA' (i.e., variability between assays/assay reproducibility) is the last nested factor. This latter factor is also representative of the reliability of the dcRT-MLPA measurement. The nested model was subsequently fitted on the trace data collected for each target gene. Before performing the statistical analysis, trace data were analyzed and processed as described above (dcRT-MLPA data analysis) followed by log2 transformation of the data values.
To test for differences between expression profiles of TB cases, LTBIs and uninfected healthy controls, we used the Global Test (PMID 14693814), testing for pairwise differences between the groups. Next, for each of the three pairwise comparisons, the genes were clustered in a hierarchical clustering, based on average linkage and absolute correlation distance. All single genes, as well as all sets of genes implied in the clustering, were tested for differential expression profiles using the Global Test. Correction for multiple testing was performed separately for each of the three clustering graphs using the method of Meinshausen. 26, 27 These tests and multiple-testing procedures were performed using the package Global Test (version 5.3.3) in R (version 2.10.1; Supplementary Figure S2 ). To test for significant differences of single genes between study groups, Kruskal-Wallis H and Dunn's multiple comparison tests were applied (Figures 4-6 ).
For the Lasso regression analysis, data were randomly split into a training set of 157 subjects and an independent test set of 79 subjects. On the training set, a separate Lasso logistic regression model was fitted for each pairwise comparison between the three groups of TB cases, LTBIs and uninfected healthy controls. The tuning parameter l that determines the amount of shrinkage in the Lasso model was chosen in each of the fitted models by optimizing the cross-validated log likelihood in the training set. Predicted values for the test set were found by applying the fitted model to the test data, and these predicted values (test set only) were used to generate receiver operating characteristic curves. For comparison, a logistic ridge regression model was fitted on the same training and test set, and using the same criterion for selecting the tuning parameter l. All the calculations for Lasso and ridge regression were performed using the package penalized (PMID: 19937997, version 0.9-32) in R (version 2.10.1). The R script used to perform the Lasso regression analysis is depicted in Supplementary Figure S4 .
Taqman real-time PCR First-strand cDNA was synthesized using 400 ng of RNA and oligo(dT) primers in a 10-ml reverse transcriptase reaction mixture using SuperScript III First-Strand Synthesis System (Invitrogen, Carlsbad, CA, USA) according to the manufacturer's protocol. Quantitative real-time PCR was performed on a 7900HT Fast RealTime PCR System (PE Applied Biosystems, Norwalk, CT, USA) and was conducted in a total volume of 25 ml containing 900 nM forward and reverse primer, 250 nM FAM dye-labeled Taqman MGB probe and 10 ng of cDNA in a 1 Â TaqMan Universal PCR Master Mix, No AmpErase UNG, including a passive reference (ROX) fluorochrome. Optimized thermal cycling conditions encompassed are as follows: 1 cycle of 10 min at 95 1C, followed by 50 cycles of 15 s at 95 1C and 1 min at 60 1C. Relative gene expression was calculated using the DC t
